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Introduction
31
Providing secure and clean source of energy to respond the households' demand is one of 32 the upmost fundamental challenges faced by the energy planners. In effect, households represent 33 a significant share of the total energy demand; they are responsible for 40% and 26% of the total 34 energy consumption in North America and Europe, respectively [1] . In the last few decades, 35 using fossil fuels as the world's main energy source has resulted in their depletion and increased is a unique energy management alternative given its storage and renewable systems are 44 integrated in the district's thermal energy system. Since the energy generated by renewable 45 sources is not uniform throughout the day, a thermal energy storage unit allows the system to 46 synchronize with the supply and demand. To implement this system effectively, it is essential to 47 predict the H-CDHS' detailed energy demand profile [7] .
48
Hence, several methods have been developed to model buildings' energy demand profile 49 [8] [9] [10] . Given its restricted number of users, a small-scale Hybrid Community District Heating
50
System (H-CDHS) energy demand profile can be predicted using a detailed model of users' 51 consumption created with energy simulation models [8] . Conversely, in large district scale 52 systems, due to the large volume of users, a comprehensive modeling is time-consuming, 53 M A N U S C R I P T
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computationally expensive and sometimes impractical. Some researchers used comprehensive 54 models to predict the heating demand profile of larger scale communities [11, 12] . To overcome 55 this problem, variety of simplified models were developed to predict the heating demand profile 56 or total energy demand of large communities. These simplified models could be divided into four 57 major categories-black box models (e.g. ANN) [13] ; gray box models [14, 15] ; equivalent RC 58 networks [16] [17] [18] ; and regression models [19] [20] [21] [22] [23] [24] . Regardless of the method chosen, previous 59 demand estimates focused mainly on predicting the peak and total energy demand. Only few 60 studies tried predicting the demand profile [11, 14, 23] .
61
Though these simplified models could reduce the computational time to a fraction of that 62 of comprehensive models, their simplicity would compromise the prediction accuracy due to 63 limitation of the simplified models. Three major drawbacks could be assumed for most of these 64 simplified modes. First, the low prediction accuracy emerging from assumptions made in 65 modeling the individual buildings/units a) presentation of the occupants' behaviour and, b) the 66 interaction of each building with surrounding buildings in an urban setting. One of the most 67 challenging issues of heating demand prediction models is having to correct input parameters.
68
Input parameters that are dependent on occupants' behaviour/activities, including heating set 69 points and schedules; Internal heat gain due to occupants' activity and the building's heating 70 system; natural ventilation flow rate; solar gains from using windows blinds or shades, etc. using the 4-step procedure, the district's energy demand profile is predicted, and compared with 85 both the measured data and the initial prediction. Multiple Non-Linear Regression (MNLR) methods. In this four-step procedure, the entire 95 district's heating demand profile is predicted by modeling each individual unit in the community 96 using its physical and geometrical characteristics, the regions' meteorological information, and 97 the occupants' general behavior.
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1)
In the first step, a sample building stock model (BSM) is segmented into different archetypes, and 99 a reference building is defined for each archetype. The initial segmentation is completed by considering 100 the building's construction method, physical and geometrical properties, and construction period [25] . 101
Once the initial archetypes are determined, each archetype is further divided into sub-archetypes based on 102 the occupancy schedule (e.g. residential user with high, medium and low usage, etc.) of the building 103 within that archetype. Different methods are used for segmenting the BSM based on the occupancy 104 schedule. While some researchers only segment the BSM based on major occupancy types (e.g. 105 residential, commercial, or office types), others segment it following the user's energy profile. This study 106 presents a more detailed approach for defining the number of archetypes as well as the reference building 107 for each archetype. A hierarchical clustering method was adopted for this end. In this method, the data set 108 is split into a prefixed number of clusters. The building closest to the centroid of that cluster is defined as 109 a reference building for that cluster. To define the number of clusters required for a given data set, 110 prefixed number of clusters, the optimal number of cluster is defined using the elbow method. 111
2)
The second step involves building the model's input files. These files are constructed 112 based on the physical properties of individual units, regional meteorological data, and occupants' 113 behaviour. Four different input files were constructed for this study.
114
i) The first input file is the solar dependent variable. This variable is determined using the 115 weather station closest to the district site and defines each unit's envelope assembly solar heat 116 gain. The solar components obtained from the weather file are translated on each envelope 117 assembly using the incident angle, orientation, and albedo of that assembly.
118
ii)
The second input file is the thermal dependent file. The thermal dependent file defined 119 based on the average heat transfer from the unit's exterior facade, considering its average 120 thermal resistance of the exterior façade of the unit and the indoor-outdoor temperature office developed a prepaid energy credit system allowing each tenant to buy a credit in advance.
208
The prepaid system connects to a smart meter in each unit. Smart-meters function both as an MP some senior tenants heat their units at a higher temperature throughout the day, younger tenants 221 try lowering their heating bill as much as possible by turning off the system at night, and by 222 using it for a short time in the evening. Those for whom social welfare is the only income could 223 potentially tolerate lower interior temperatures and use less hot water than more affluent tenants.
224
These factors were not considered in detail in the early design stage. 2) All units were modeled following the same benchmark assumptions, while units' 226 characteristics (e.g. layout, orientation, insulation level, and window-to-wall ratio) were ignored.
227
For example, on top of developing the district heating system in 2007, the exterior facade of all 228 high-rise towers was renovated by adding a new layer over it. Also, balconies were converted to 229 solaria, primarily on the south and west sides, which could potentially compensate a large 
Data Validation
247
To ensure accuracy, all measured data were cross validated at three different levels: unit 248 level, building level and district level. The methodology was applied to Arran tower (Tower #1) 249 and Arian tower (Tower #2). In the first step, the CDHS' two-year long monitored data was analyzed. Results showed 265 that CDHS' existing condition operates less efficiently with a higher heat loss than the expected 266 design efficiency. Moreover, the predicted heating demand load for sizing the boiler house was 267 2-2.5 higher than the district's actual power demand load. This over estimating caused an 268 oversizing of the boiler house. Given this, the boiler never worked at its optimal capacity and 269 most of the time operated at a partial capacity, which decreased the system's efficiency. that only few units used a thermostat with a given set-point value to control the space heating.
275
The majority did not use the heating system for most of a day. In most units, the heating system 276 was off day and night, or only used briefly during the day. For tenants who turned on the heating 277 more frequently, such unexpected behaviors were oversimplified in the CDHS' design stage,
278
assuming that all tenants use thermostats to control space heating on a regular pattern day and 279 night. 
Clustering units
281
The first step in predicting the heating load, using the four-step procedure mentioned in (Figure 7) . are plotted in Figure 8 , and it can be concluded that four to seven archetypes can be chosen as the 321 optimal number. Here, k-means 4 was selected as the optimal number for demonstrating the 322 method with adequate accuracy while maintaining computational costs low.
323
Given the hierarchical clustering approach, all units in the sample dataset (Tower # 1) 324 were divided into four different archetypes: Non-Typical High Usage (NTHU) cluster 1, Non- 
NTLU (1), NTMU (2), NTHU (3), TTCU (4)
350 351
Predictive models 352
After training the model using data from the reference buildings, and defining the input file for profile, and other series of input parameters defined earlier in this paper. To predict the demand 358 profile in future hours, previously predicted values and input files were used at the same time.
359
To determine the number of past hours required in the training stage, the model was trained with 360 different past hours ranging from 2 to 8 hours. The best fit was set as the number of past hours 361 required for representing the thermal mass of the units. For this study, 4 hours was the best fit.
362
Also in this study, the data for real H-CDHS was used to train and validate the MLNR model 363 using the above-mentioned four-step procedure. To verify the models' flexibility to include 364 different users' behavior, WWH's diverse community with a wider range of users' behavior was 365 used.
366
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Due to limitations in acquired data, the adapted methodology ( Figure 5 since the units' indoor temperature was not monitored.
375
Since the internal heat generation was not monitored in each unit, the electrical energy 376 consumed by the reference building was used to indicate the unit's internal energy 377 generation. The existing internal generation from the British Housing Model (BHM) was 378 thus adopted and scaled down to match the energy consumption.
379
The adjusted typical thermostat control profile with a thermostat set-point of 19°C was used 380 for the common area. For the towers, the common area accounts for about 15.8% of the total 381 area of which only 45% is assumed to be conditioned.
382
Using the latter modifications, the input file for all units was generated. Moreover, the itself must then be factored in.
421
The underground piping network has been used in in this project is an insulated dual pipe Having the underground network's total length alongside its operational temperature, the 437 supply and return pipes' water mass flow rate, the outdoor temperature, the thermal properties of 438 the soil and pipe insulations, and the distribution network's total heat loss can be determined. To shows the underground distribution network's predicted heat loss for the entire system. Since for many units the demand profiles are not available (see section 4), the energy demand 446 predicted for the entire system is compared with the total energy generated by the boiler house.
447
As stated earlier, the boiler house's sensor measures only the accumulated amount of fuel 448 consumed and the energy generated by each boiler every fifteen minutes. Figure 16 and Table 2   449 show the district's predicted accumulated energy demand against the energy generated by the 450 boiler house. Results show a higher agreement between the predicted and actual energy demand with a 459 monthly discrepancy between -4% to 6%, except in January 2017, when the error was 460 approximately 30%. This error is due to a relatively high heat loss in the distribution network. In 
Conclusion
475
The existing simplified models used for predicting the CDHSs demand lack the flexibility 476 to predict loads for diverse user types. To predict the heating demand, this study used a mid-size 477 community district energy system with diverse user types was investigated using a newly
478
proposed procedure. The main conclusion of this study can be summarized as follows: 
488
Results shows that the prediction accuracy remains close both at the building and community 489 levels due to the models' flexibility in capturing the demand profile of every individual unit.
490
Unlike most existing models, the suggested procedure, which extrapolates the data based on 
Highlights
Simplified method is used to predict the heating load of a mid-size community.
Clustering approach is used to define the number of archetypes required for the load prediction.
The simplified model prediction is validated with the measured data.
